Trait-based ecology merges evolutionary with classical population and community ecology and is a rapidly developing branch of ecology. It describes ecosystems as consisting of individuals rather than species, and characterizes individuals by few key traits that are interrelated through trade-offs. The fundamental rationale is that the spatio-temporal distribution of organisms and their functional role in ecosystems depend on their traits rather than on their taxonomical affiliation. The approach respects that interactions are between individuals, not between species or populations, and in trait-based models ecosystem structure emerges as a result of interactions between individuals and with the environments, rather than being prescribed. It offers an alternative to classical species-centric approaches and has the potential to describe complex ecosystems in simple ways and to assess the effects of environmental change on ecosystem structure and function. Here, we describe the components of the trait-based approach and apply it to describe and model marine ecosystems. Our description is illustrated with multiple examples of life in the ocean from unicellular plankton to fish.
Introduction
Can we describe complex marine ecosystems in a simple manner, and in ways that make it possible to assess the effects of environmental change? The fundamental issue of how marine biota will respond to climate change was recently identified by the National Academy of Sciences as one of the most pressing questions in ocean sciences (Sea change: 2015-25 decadal survey of ocean sciences, February 2015). Although the question has been on the agenda for decades, traditional species-centric approaches have clearly failed to provide the answer. Instead, trait-based approaches have been promoted as a promising tool: rather than describing the many species and how they interact with each other and their environment, trait ecological approaches consider interacting individuals characterized by a few essential traits that are interrelated through trade-offs (Anderson, 2005; Litchman et al., 2013a; Pawar et al., 2015) . This approach thus has the potential to tackle the overwhelming complexity of marine ecosystems in a relatively simple way.
Trait-based approaches to describe communities and ecosystems were proposed by theoretical ecologists (McGill et al., 2006) and were originally developed in plant ecology based on empirical trade-offs (Westoby and Wright, 2006) . Despite an early focus on trade-offs as being fundamental in structuring ecosystems (Tilman, 1990 ) the approach has mainly been empirical (Edwards et al., 2011; Kunstler et al., 2016; Kremer et al., 2017) . Trait-based approaches have also been adopted to describe and model marine phytoplankton communities (Bruggeman and Kooijman, 2007; Follows et al., 2007; Monteiro et al., 2010; Follows and Dutkiewicz, 2011; Edwards et al., 2013; Martiny et al., 2015) , protistan plankton systems , zooplankton , planktonic ecosystems (Pahlow et al., 2008) , microbial communities (Coles et al., 2017) , and fish communities (Andersen and Pedersen, 2010) . In most cases, the focus has been on competitive interactions between individuals within a single trophic level, typically phytoplankton, and with few attempts to consider multiple trophic levels (Smith et al., 2014) .
In this essay we explore the mechanistic trait-based approach to ocean ecology with a focus on pelagic ecosystems. Much of what we say applies equally well to other habitats in the ocean as well as to freshwaters, but here we draw mainly on our experience with marine pelagic systems. We first explain what we consider the essence of the trait-based approach. We next describe the key components of the trait-based approach, viz., (i) the identification of key traits and a quantification of their trade-offs for the main life-forms in the ocean; (ii) the development of trait-based community and ecosystem models based on key traits and associated trade-offs; and (iii) testing the models by comparing predicted trait distributions with those that can be observed in nature (Figure 1 ). Throughout we illustrate the approach with examples, often taken from our own research as it has evolved at the Centre for Ocean Life, but we are far from providing an exhaustive review of the trait-based approach. We will finally (iv) present our vision for how a trait-based description-whether based on observed or predicted trait distributions-can be used to describe and quantify ecosystem functions and assess the effects of environmental change (Kimball et al., 2016) . This we consider the fourth component of the trait-based approach. While ecosystem function can cover a broad range of issues (Strong et al., 2015) here we consider ecosystem functions as the ecological processes that control the fluxes of energy, nutrients, and organic matter (Cardinale et al., 2012) . Thus, if one follows the fate of the primary production then the main generic ecosystem functions are recycling (of nutrients), export (e.g. carbon sequestration), and trophic transfer (e.g. to biomass production of fish) ( Figure 1 ).
What is the trait-based approach?
The trait-based approach generally ignores that individuals belong to species. Rather, the trait based approach describes individuals by a few taxa-transcending properties: their key traits. An individual is characterized by a combination of many traits, and the key traits are the few properties that capture the most of its Darwinian fitness. The trait-based approach thus aims to describe how structure and function of ecological communities emerge from properties of the individual organisms.
Traditional species-centric models and descriptions of marine ecosystems typically operate with a few species or functional groups and define the trophic network by prescribing whoconsumes-what and at what density-dependent rates. Attempts to approach the complexity of real systems by adding more species or functional groups make the models increasingly complicated and results in a never ending demand for parameters. The traitbased approach instead considers individuals with traits that can be described by few parameters and that are characterized by (environmentally dependent) trade-offs. Ecosystem structure and functioning, distributional and seasonal patterns, and functional biodiversity are emergent properties of trait-based models, not their input. The traits that survive in a particular environment and in interaction (predation, competition) with other individuals predict the trait distribution, and the principle for survival is Darwinian fitness of the individuals. This approach respects the fact that interactions in the ocean are at the level of the individual-it is individuals that eat one another and mate with one another, it is not species or functional groups that interact. By disposing of the species concept the trait-based approach arrives at a succinct description with few basic parameters, and sidesteps the complexity trap of species-centric modelling approaches.
Central to a trait-based description is a quantification of the trade-offs associated with the key traits. That is, the benefits and costs of a particular trait. The success in executing the three main functions of any organism-to acquire resources, survive, and reproduce-is the main determinant of its fitness, but the execution of any one of these functions may conflict with the others. For example, foraging typically exposes a grazer to elevated predation risk, or photosynthesis requires investment in expensive chloroplast thereby reducing the potential for growth. Thus, there are no "super-organisms" that perform optimally in all respects (Litchman and Klausmeier, 2008; Litchman et al., 2013) . Behaviours, morphologies, and life histories are shaped by natural selection by balancing these trade-offs, and by environmental conditions that impact the trade-off functions. Thus, trait distributions in nature depend directly on the trade-offs, and hence, it is a key ingredient in the trait-based approach to quantify these trade-offs. Most often trade-offs are defined empirically, but preferentially trade-off functions should be based on a mechanistic Figure 1 . The components of the trait based approach. Collating and analysing observations of individual organisms (I)-how they perform and interact-provides mechanistic understanding of taxa transcending key traits and trade-offs. This informs trait-based models (II) and the selection of key traits for statistical trait-distribution models observed in nature (III), which in turn offers a way to test predictions of traitbased models (II). The most important strength of the trait based approach is that it provides a framework where we can examine, analyse and predict not only the structure (II) but also the function (IV) of communities and ecosystems. In particular, the approach can describe the relative pathways-recycling, trophic transfer, and export-of energy and matter through marine ecosystems, ultimately controlling the key ecosystem services of carbon sequestration and fisheries production.
understanding of the underlying processes allowing deeper insights and better predictive power.
Identifying key traits and quantifying trade-offs
The essential life functions of acquiring resources and surviving to reproduction materialises differently for different life forms, e.g. for a whale and a bacterium, and even differently for each species. However, a useful trait should be taxa transcending. Traits that are specific to certain taxa are of little use as it locks us into the species-centric approach and conflicts with the idea of simplifying. Some traits apply across all life forms. We identify three life-form transcending key generic traits: body size, resource acquisition mode, and defence. Body size is often considered a master trait as it determines the order of magnitude of all vital rates (feeding, growth, metabolism, mortality, etc.), defines the main physical constraints of an organism, and largely governs the mode of resource acquisitions (Haldane, 1928; Kiørboe and Hirst, 2014; Andersen et al., 2016b) . The fundamental resource acquisition modes range from osmotrophy in the smallest singlecelled organisms (i.e. bacteria that depend on diffusive uptake of dissolved organic matter), to phototrophs that depend on both light and diffusive uptake of inorganic nutrients, mixotrophs that can both photosynthesize and eat other organisms, and finally purely heterotrophic particle feeders. Defence is any behavioural, physiological, or morphological property of an organism that reduces its predation risk. Both resource acquisition and defence come at a cost and it is mainly the resource acquisition and defence trade-offs that govern the diversity of communities as they allow the co-existence of many trait-compositions with similar fitness (Tilman, 1990; Thingstad et al., 2014; Våge et al., 2014) .
In addition to these life-form transcending generic traits, there is an important life-form transition, namely from uni-to multicellularity, that has important implications to the ecology of an organism and the dynamics of the system in which it occurs. The important difference between the two life forms is that the former multiply by cell division (mainly) and hence vary by only a factor of about 2 in size, while the latter have "life histories", and produce offspring that are typically smaller or much smaller than 1% of adult size (Neuheimer et al., 2015) . Thus adults and offspring may occupy different niches and forage on different size classes of prey. Life histories and ontogenetic niche shifts are typically ignored in both classical NPZ and in most trait-based models but may have important implications to the co-existence and ecosystem dynamics (Werner and Gilliam, 1984; De Roos et al., 2003; Wollrab et al., 2013) .
We argue that these three generic "traits" and the unicellular/ multicellular dichotomy capture the most important aspects of the ecology of an organism, and that they provide a sufficient basis for a generic trait-based description or model of an ecosystem (Figure 2) .
The three generic traits may materialize differently for different life forms and the way they materialize needs to be understood to allow quantification of the associated trade-offs. Trade-offs are described at the level of the individual and the currency of tradeoffs are eventually growth and mortality rates. Examples of lifeform-specific resource acquisition and defence trade-offs are many. For example, bacteria need to produce specific enzymes to utilize certain organic molecules and, thus have to pay for enzyme synthesis to be rewarded (Traving et al., 2015) ; phytoplankton must invest in a photosynthetic apparatus to fix inorganic carbon (Shuter, 1979 ; Berge et al., 2017; Chakraborty et al., 2017); protozoa, zooplankton, fish, and other animals may have to swim or produce a feeding current to encounter food, but are penalized by higher metabolic and mortality costs (Lankford et al., 2001; ; zooplankton that defend themselves by hiding from visual predators at depth during day miss feeding opportunities in the surface layer where phytoplankton food abound (Ohman and Romagnan, 2016) ; and algae that produce toxins to deter grazers will have to pay for the toxins, e.g. in terms of dependency of particular limiting nutrients (Pan ci c and .
Trade-offs are often quantified based on heuristic descriptions and statistical analyses of correlations, in phytoplankton, for example between cell size and nutrient affinity, or between affinities for different nutrients (Follows et al., 2007; Edwards et al., 2011) . However, ideally trade-offs should be quantified based on a mechanistic understanding of the underlying processes and observations and experiments that quantify the pros and cons of a particular trait. Trade-offs can also be quantified from pure physical considerations, e.g. that large cells sink faster than small ones. Finally, trade-offs can be further constrained through optimality modelling, i.e. typically by estimating the allocation of resources (Smith et al., 2011; Pahlow et al., 2013; Andersen et al., 2015b) or the behaviour (Visser, 2007; Visser et al., 2008; Visser and Fiksen, 2013) that yields the organism with the highest fitness. In principle, a mechanistic understanding obtained through experiments or rationalization allows generalizations beyond the few species that one is able to examine experimentally and permits the construction of trait-based models with better predictive power. Examples of the mechanistic approach to quantify tradeoffs in the context of trait-based pelagic ecology include bacteria (Traving et al., 2015) , phytoplankton (Shuter, 1979; Toseland et al., 2013; Chakraborty et al., 2017) or phytoplankton groups, e.g. diazotrophs (Pahlow et al., 2013; Inomura et al., 2017) , zooplankton ( van Someren Gréve et al., n.d.; Visser, 2007; Kiørboe et al., 2010 Almeda et al., 2017 ) , and fish (Lankford et al., 2001; Andersen and Brander, 2009 ).
To illustrate the mechanistic approach in estimating trade-offs from experiments, consider the different foraging modes in zooplankton. Zooplankton may either be ambush feeders that wait for motile prey to pass within their sensory sphere, or they may swim through the water or generate a feeding current and thereby actively encounter their prey. This classification applies across taxa, from heterotrophic nanoflagellates to copepods and beyond (Kiørboe, 2011) , hence, it is a useful trait. Intuitively, active feeding is more efficient than the passive ambush feeding modes (because the latter targets only motile prey), and this is verified by simple models (Kiørboe, 2011) and experiments (Almeda et al. in press) . However, it is also more risky due both to the much larger fluid dynamic disturbance that is generated during both feeding and propulsion (Figures 3 and 4a ) and the higher predator encounter velocity. The fluid signal generated by swimming and feeding zooplankton makes them susceptible to rheotactic predators (i.e. predators that perceive their prey from the fluid disturbance that it generates). The order of magnitude difference in the extension of the fluid disturbance generated by ambush and active feeders (Figure 4a ) relates to mechanical differences in their feeding/propulsion mode and, importantly, the difference can be rationalized from simple fluid physics (that will not be explained here; see . Based on such insights, one can formulate simple encounter models that predict the magnitude of mortality risk for the different foraging modes, and these predictions can then be tested experimentally Almeda et al., 2017) (Figure 3b ). Because the difference applies across taxa (Figure 3a) , and because it can be understood mechanistically, it can also be generalized beyond the experimental range of species examined. This example also illustrates another important property, namely that trade-offs are environmentally dependent. The benefits of feeding depend on the availability of food, and the risk of feeding on the abundance of predators. The environment selects the trait that optimizes the trade-off. Thus, in the example, ambush feeding will be favoured in environments with high concentrations of both prey and predators, while active feeders will be favoured in the opposite situation (Mariani et al., 2013) .
When traits are considered within life forms, as in the zooplankton foraging example above, a few more key traits of global significance and related to resource acquisition stands out, viz.
nitrogen fixation in prokaryotic diazotrophs; the combination of a siliceous shell and a larger vacuole in photosynthesising protists; and "jellyness", reflecting that some pelagic organisms are characterized by a very high water content. While one may be able to identify other traits with broad implications, we do believe these features of marine pelagic organisms are particularly important. Below we briefly asses the trade-offs associated with these traits.
The availability of nitrogen (N) limits biological production in vast areas of the global ocean. Although N 2 gas is found at high concentration in seawater it can only be used by specialized prokaryotic phytoplankton and bacteria (diazotrophs) capable of converting dissolved N 2 into "fixed" N available for growth (Bombar et al., 2016) . Nitrogen fixation is associated with clear trade-offs as it yields the microorganisms with an obvious advantage in an environment deplete in dissolved nitrogen salts (that are readily used by cells), but it is energetically expensive. Energy is required both to reduce N 2 to ammonia (Stam et al., 1987) and in particular to maintain anaerobic conditions in the interior of a cell suspended in aerobic water and producing oxygen during photosynthesis since oxygen inhibits nitrogen fixation (Großkopf and LaRoche, 2012) . These costs can be approximated from biochemical considerations (Inomura et al., 2017) and (Pahlow et al., 2013) developed a mechanistic optimality model that allowed estimating costs from experiments. The two estimates were consistent and, hence, the trade-offs can be quantified.
"Jellyness", i.e. the extent to which an organism is inflated due to high water content and a consequent low carbon density, is a continuous trait (McConville et al., 2017) , but marine organisms tend to segregate between being either "dense" or "dilute", with carbon densities >5% and <0.5% of wet mass, respectively (Kiørboe, 2013) . Thus, this trait distinguishes also a life form. The gelatinous trait is found only among pelagic organisms but transcends taxonomy as it characterizes very disparate animal taxa, mainly cnidarians (jellyfish), ctenophores (comb jellyfish), and pelagic tunicates (salps and others). One can argue that the inflation of the body size by increasing the water content is related to resource acquisition as it increases the prey encounter surface (Acuña, 2001 ; Acuna et al., 2011). All gelatinous plankton are "interception feeders"; i.e. depend on directly intercepting their prey, in some cases facilitated by the generation of a feeding current, and in some cases further enhanced by directing the feeding current through a filter. Prey encounter is thus an "automated" process and there is no remote sensing of individual prey, a characteristic shared among many-small-interception feeders. The efficiency of interception feeding, however, declines with body mass because the encounter surface (or filter area) scales approximately with organism length squared while the needs (metabolism) scales with radius cubed [when compared across life forms (Kiørboe and Hirst, 2014) ]. Thus, there is a maximum size of a dense interception feeder. Organisms exceeding that size must evolve a new resource acquisition strategy to increase their dining sphere. They can either invent remote prey detection (fish, copepods), or they can inflate to increase their capture area. Therefore, large (in terms of carbon) pelagic interception feeders are inflated. [There are large non-gelatinous animals that filter feed, most notably many species of forage fish (herring, anchovy) and baleen whales, but these organisms still depend on accurate sensing mechanisms: Baleen whales locate dense patches of prey and forage fish are not obligate filter feeders but can switch to individual prey picking depending on the size The spatial extension of the fluid disturbance created by swimming and feeding zooplankton as a function of the Reynolds number (size Â speed/viscosity). Dark symbols refer to active feeders (hovering and cruising zooplankton); light symbols to ambush feeders (breast stroke swimmers and zooplankton that swimby-jumping). The latter create a fluid signal with a spatial extension about ten times less the former and, hence, have a correspondingly lower risk of encountering a rheotactic predator The different symbols refer to different species, ranging from few-micron-sized flagellates to mmsized copepods, and so the foraging trait and the implicated predation risk is transcending taxonomy. Modified from (Kiørboe et al., 2014a) . (c) Consumption rate by a rheotactic predator on active and ambush feeding copepod nauplii-the species shown in (a). The two prey are of the same size, but the active feeder is predated at a rate nearly ten times higher than the ambush feeder. Modified from (Almeda et al., 2017b) . Artwork by Hans Sommeren Greve. distribution and concentration of prey.] It is difficult to exactly quantify the trade-offs of the gelatinous trait (Kiørboe, 2013) : The advantages include that they save investments in an expensive sensory apparatus and are independent of light to encounter prey, and their large watery body makes them less attractive to predators. The watery body plan at the same time makes them fragile and susceptible to turbulence and other mechanical disturbances and their ability to produce feeding currents decline with their protein and carbon density.
Finally, the combination of a siliceous shell and a large vacuole distinguishes the diatoms from all other photosynthetic eukaryotes and are further characterized by being non-motile. Thus, this particular trait-combination coincides with a "functional group" that we highlight due its global significance. Diatoms account for about half the oceanic primary production and they are purely photoautotrophic, in contrast to photosynthetic flagellates, most of which are believed to be mixotrophic (Flynn et al., 2013) . Their most distinct feature is the large vacuole that may take up most of the intracellular space. The vacuole inflates the diatom cell and has a similar implication as inflation of gelatinous plankton since it increase the diffusive flux of dissolved inorganic nutrient to the cell and its light capture cross section, thus allowing them to grow faster than most other phytoplankton (Thingstad et al., 2005) . The vacuole has a density less than that of the cytoplasm and may thus partly compensate for the existence of the heavy siliceous shell that, in turn, is considered necessary to suspend the vacuole (Anderson and Sweeney, 1978) . The shell further provides some protection against grazing (Hamm et al., 2003; Liu et al., 2016) in addition to the enhanced protection due to the inflated size alone. It becomes somewhat of a chicken-andegg question whether the siliceous shell is an adaptation to suspend the large vacuole and allow the consequent high growth potential; or whether the vacuole is an adaptation to compensate for the heavy siliceous wall that evolved in response to grazing, but whether one or the other, the above clearly points to the multiple advantages of a siliceous shell. What are the costs? The biochemical costs of the synthesis of the siliceous shell are trivial (Raven, 1983) , but silica deposition is increased when cells grow slowly due to resource limitation or grazer induction (Martin-Jezequel et al., 2000; Pondaven et al., 2007) , and diatoms sink faster than other phytoplankton of similar size. Because silica is typically exhausted faster than other nutrients during diatom blooms, the diatom dependency on silica may yield other phytoplankton a competitive advantage (Pan ci c and Kiørboe, 2018). While we can list these likely trade-offs, it is striking that there have been few attempts to quantify the trade-offs of the trait-combination characteristic of diatoms, given their global significance. Clearly, experimental evidence and mechanistic optimization models to explore the trade-offs are needed.
Trait-based models
The overarching aim of trait-based models is to describe community structure and function. Community structure is described by a trait distribution. A trait-distribution describes the number or biomass of individuals N ðhÞ with a given trait combination, h, irrespective of their species. Trait distributions can be spatially explicit, i.e. describing trait biogeographies.
In the following we will first describe the general modelling paradigms that we have been using and next give some examples.
Modelling principles
The core principle in trait-based models is a description of individual-level processes related to acquisition of resources, allocation of resources, and mortality ( Figure 5 ). Such descriptions are central to any process-oriented model; the novelty is connecting these processes to fundamental traits such that the parameters describing each process are connected via trade-offs, illustrated by the thin (brown) arrows in Figure 5 . We note that trade-offs arise not only through the allocation of finite resources (energy and matter) but can appear indirectly through conflicts inherent in life tasks, e.g. foraging activity and exposure to risk (e.g. allocation of time, diurnal vertical migration, diapause, etc.). With this description the differences between individuals are represented solely by differences in trait values. The set of traits h then determines the individual-level processes through the trade-offs. From the processes and the environment follow the fundamental vital rates, i.e. assimilated energy gðh; EÞ, and mortality mðh; EÞ. The vital rates are scaled up to community-level measures, the optimal combination of traits h Ã ðEÞ or the trait distribution N ðh; EÞ, using fairly standard techniques from theoretical ecology (see Supplementary Appendix A).
Solving the full dynamic trait distribution is tractable but complex, so fitness optimization provides an appealing simple alternative that yields information about which trait (or trait combination) is optimal in a specific environment (Smith et al., 2011; Supplementary Appendix A) . The optimal trait does not specify the trait distribution, but it is expected to approximate the peak (mode) of the trait distribution. Even though fitness optimization is simple in principle, it is fraught with subtleties that should be kept in mind when the results are interpreted (Mylius and Diekmann, 1995) . These subtleties include the proper selection of fitness proxy and issues of density dependence and frequency dependent selection. Despite their limitation, optimization techniques are a simple way to obtain some insights with a smaller investment than what is required to formulate and simulate full dynamical systems.
Optimization model of unicellular plankton
To illustrate the modelling approach, we first consider a traitbased model of resource acquisition in unicellular protists. Unicellular organisms need carbon and mineral nutrients. Photosynthetic organisms acquire carbon through photosynthesis and nutrients by diffusive uptake of dissolved inorganic nutrients (osmotrophy). Phagotrophic organisms gain carbon and nutrients by eating other organisms, while mixotrophs acquires resource in both ways. Each resource acquisition mode comes with energetic expenses that define the trade-offs (mortality risks ignored in this illustrative example).
Supplementary Appendix B develops a rudimentary traitbased model of a unicellular organism with two investment traits: phototrophy and phagotrophy. Biomass from phagotrophy is used for production, and carbon from phototrophy is used for metabolism. This means that the organisms cannot grow in the dark despite abundant food, which is typical for many mixotrophic organisms (Berge et al., 2017) . The organism is embedded in a chemostat with suitable food. Figure 6 shows how the trait distribution and the food concentration change over time in the chemostat. Initially, food is plentiful and the trait distribution is dominated by organisms that invest little in phagotrophy but much in phototrophy to gain sufficient carbon to fuel the metabolism of digesting the prey. As the food concentration decreases the trait distribution is increasingly dominated by organisms with higher investment in phagotrophy. In this way, the model predicts a succession occurring in the community from a phototrophic dominance to a more heterotrophic community. The succession is qualitatively predicted by the optimal trait (dashed line). More elaborate versions of the model embedded in more natural settings predict the seasonal succession in the resource acquisition traits (Bruggeman, 2009; Berge et al., 2017) , and how they also change as a function of cell size .
Trait-based fish community model
As another example, we consider a trophic model of fish communities. The master trait is the maximum size or the size at maturation (the two are proportional and thus equivalent). The fundamental trade-off associated with asymptotic size is related to survival to adulthood and investment in reproduction (Andersen and Beyer, 2015) : maturation at a later but larger size increases the fecundity at maturation due to the larger size, but reduces the likelihood of surviving to maturation.
Scaling from traits to communities in multicellular organisms, like fish, requires a different approach than for unicellular organisms. Multicellular organisms have a large difference between offspring size and adult size, and hence may experience ontogenetic trophic niche shifts (Werner and Gilliam, 1984; Peacor and Werner, 2001) . As body size changes during life, current size (unlike maximum size) is not a trait, but a state. We therefore need to develop a combined size-and trait-distribution, N ðh W ; wÞ, where w is the size (body mass) of individuals and h W their maximum size. In the fish community, we assume that small fish are eaten by larger fish that, in turn are prey to even larger fish. Body size, therefore, determines the available food from smaller individuals, and the predation risk from larger individuals (Figure 7a ). Knowing the available food leads to the somatic growth rate, g h W ; w ð Þ: The mathematics of scaling from somatic growth rates and mortality is outlined in Supplementary Appendix C and complete model given in (Andersen et al., 2016a) . Figure 5 . Illustration of the principles in trait-based models. The aim of the model is to derive the trait distribution Nðh; EÞ, or the trait combination h Ã ðEÞ (upper blue boxes) that is optimal in a particular environment E: These macroscopic properties are derived from a description of individual-level processes, here illustrated by the processes determining food capture (clearance rate), respiration, and mortality (pink boxes). The scaling from individual-level processes to macroscopic patterns is performed using standard methods (see text; green arrows). The crux of the trait-based approach is the description of how individual-level processes are linked to traits (red boxes) through trade-offs (red arrows). Figure 6 . Results of the trait-based model of mixotrophy detailed in Supplementary Appendix B. The trait-distribution of the investment in phagotrophy over time Nðh F ; tÞ is shown with shades (of blue) (dark being high abundance). The optimal trait value, h Ã F , is shown with the dashed black line, which should be compared with the mode of the trait distribution (indicated by the thin black line). The food concentration decreases as food is consumed (thick full line blue). Eventually the system settles to a stable trait distribution.
The size-and trait-distribution can be visualized as a size distribution for a number of trait groups (Figure 7b ). Each trait group represents the biomass of all individuals, and thus all species, with similar asymptotic sizes. The model encompasses the entire fish community. Such models have been used to study the response of the fish community to fishing, such as trophic cascades (Andersen and Pedersen, 2010) , recovery rates (Andersen and Rice, 2010) and effects of fisheries on the interaction between forage fish and large piscivorous fish, to evaluate the concept of balanced harvesting (Jacobsen et al., 2014; Kolding et al., 2016) , and to develop ecosystem-level concepts of maximum sustainable yield (Andersen et al., 2015a) .
While this example considered only the fish community, other trophic models have described the lower trophic levels of the plankton community, including in particular the elaborate sizestructured food web model of the global ocean of Ward et al. (2012a) .
Spatially explicit models: trait biogeography
The above examples have considered trait distributions within communities, but trait distributions may also be spatially explicit if embedded in a physical circulation model and thus predict trait biogeographies. Examples include global distributions of multiple phytoplankton traits (Follows et al., 2007; Ward et al., 2012) or specific traits, such as diazotrophy (Monteiro et al., 2010b; Dutkiewicz et al., 2014) . Models predicting distributions of traits of zooplankton and higher trophic levels are, however, rare and may also become increasingly uncertain because of increasing distance to the underlying physics that eventually drive the system. One way of overcoming this is to use observed biomass and trait distributions at one trophic level as input to a trophic model focussed on the next trophic level. An example of this is the zooplankton size biogeography predicted from satellite based observations of phytoplankton biomass and size distributions (Figure 8 ). Another example of such a "hybrid" or "grey box" approach that combine heuristic and mechanistic approaches is given in the next section on ecosystem functions.
Trait distributions in nature
Trait distributions observed in nature serve as tests for model predictions but obviously also have a value on their own. The description of trait distributions in nature and how they vary in time and space is conceptually simple but may be challenging in practice. In most cases traits cannot be measured directly, with the case of "size" being the most notable exception. Thus, maybe the most commonly reported observed trait distribution is the distribution of organism sizes in an ecosystem (Sprules et al., 2016) . Another case where traits rather than species are often quantified in field samples is microbes, where the species concept is somewhat floating, and genetic markers indicative of expressed traits (e.g. uptake of nitrogen) are measured directly (Langlois et al., 2008) . In most other cases, trait distributions must be inferred from observed species distributions. In general, the idea is simply to combine observational data describing the species composition or spatio-temporal distribution of species with trait databases that lists the traits of each species to generate trait distributions at the level of communities (Barton et al., 2013a) . Spatial trait distributions can be considered "trait biogeographies", akin to traditional species biogeographies.
The challenges in this approach include the availability and quality of relevant databases and the application of relevant statistical tools to fill gaps in the observations and relate traits to environmental variables. There are several global and local species databases, e.g. FishBase for fish (Froese and Pauly, 2018) , MareDat for various kinds of plankton with some taxonomic resolution (Buitenhuis et al., 2013) , the global plankton database for phyto-and zooplankton (Coastal & Oceanic Plankton Ecology, Production & Observation Database, COPEPOD, https://www.st. nmfs.noaa.gov/copepod/) and national and international programs (e.g. the Continuous Plankton Recorder Survey; the CalCofi program) describing the spatio-temporal distribution of species. The quality of those data bases are variable, often because data are collected by different methods, and care has to be taken when interpreting observations. In contrast to species databases, there are much fewer good trait databases available. Inspired by terrestrial plant ecologists that have established a community effort to produce an impressive trait data base for plants-TRY- (Kattge et al., 2011) , marine ecologists are only now beginning to compile such databases for selected groups of organisms, e.g. phytoplankton (Kremer et al., 2014; Edwards et al., 2015 Edwards et al., , 2016 Thomas et al., 2016) 2016), and benthic polychaetes (Jumars et al., 2015) , or for selected traits across many groups of organisms, e.g. offspring sizes in marine pelagic animals (Neuheimer et al., 2016) or vital rates in pelagic organisms (Kiørboe and Hirst, 2014) . While this is encouraging, these are individual efforts resulting in databases each of their own format, and a concerted effort to construct a homogenous marine organism database similar to TRY is badly needed (Barton et al., 2013a) .
Even the best databases do not allow complete global trait biogeographies, and empirical modelling approaches may be used to fill spatio-temporal gaps. One may distinguish between "neutral" algorithms that interpolate between observations in a statistical sound way, and more commonly used approaches that involve the application of empirical environmental trait distribution models with spatial autocorrelation terms. The latter is equivalent to statistical species distribution-or niche-models, commonly used to describe species biogeographies and-maybe more important-to estimate past and project future spatial relocations of species under environmental change scenarios (Elith and Leathwick, 2009; Barton et al., 2016) . There are several commonly used statistical approaches to model species distribution, including MaxEnt (Phillips et al., 2006) , generalized additive models (GAMs) (Hastie and Tibshirani, 1990) , and random forests (Cutler et al., 2007) , each with their pros and cons (Brun et al., 2016b) . The predictive skills of species distribution models appear to be very low for both zoo-and phytoplankton when tested against very long time series (Brun et al., 2016b) . Among the reasons for the poor predictive power may simply be that species distribute along environmental gradients according to their traits, not their taxonomic affiliation. Thus, analysing traits directly sidesteps the complexity of species (Green et al., 2008; Gornish and Prather, 2014 ) and the trait-based approach has the potential to provide direct mechanistic explanations to observed distribution patterns allowing for broader generalizations. For example, small photoautotrophic cells dominate in oligotrophic water because they are small as this makes them more efficient in diffusive uptake of inorganic nutrients. Trait biogeographies and statistical trait distribution models may thus inherently have larger explanatory and predictive power than species biogeographies and species distribution models. Trait biogeography in general is still in its infancy (Green et al., 2008; van Bodegom et al., 2014; Violle et al., 2014) and particularly poorly known in the marine environments (Barton et al., 2013a) , but the first observation-based trait biogeographies and trait distributions for marine organism are now emerging (Barton et al., 2013a, b; Brun et al., 2016c; Pecuchet et al., 2017; van Denderen et al., 2018) .
In trait biogeographies the values of a given trait observed in time and space are used to parameterize a statistical model describing their distribution as a function of the environment (e.g. temperature, salinity, nutrient concentrations), and a spatial auto-correlation term is used to allow for local deviations from the model and absorb the effect of variables that cannot be included directly in the model. The parameterized model is then used to extrapolate the expected value of the traits into regions where observations are missing based on the environmental conditions found there, thereby filling the gaps in the most appropriate manner. These approaches also have the added bonus that they reveal relationships between trait distributions explicitly. Furthermore, being steeped in a rigorous statistical framework, such approaches allow for formal hypothesis testing to be performed. An example of a trait biogeography is given in Figure 9 , describing the global distribution of copepod body size. Note that the observed (and extrapolated) biogeography of copepod sizes qualitatively matches the pattern predicted above for zooplankton sizes from a mechanistically trait-based model (Figure 8 ), both showing larger sizes in polar regions.
Unicellular plankton, particularly prokaryotes, offers a special case because species are not easily identified (nor defined) in field samples, and hence microbes are increasingly characterized by molecular methods that have the potential to directly identify traits. Thus, microbial clades with near cosmopolitan distributions in reality consists of discrete ecotypes characterized by Figure 8 . Predicted trait biogeography of zooplankton body size. The simple model considers the size-dependent metabolic requirements, the functional response, and the predator: prey size ratios of copepods (Kiørboe, 2016; Kiørboe et al., 2018) and the resulting trade-off between the available concentration and size of the prey and the minimum prey concentration necessary for growth. Prey fields were derived from satellite-based estimates of phytoplankton biomass and median size. Model developed by Philipp Brun, Centre for Ocean Life.
distinctly different resource acquisition and defence traits (Brown et al., 2014; Thingstad et al., 2014) rendering species biogeographies near meaningless and trait-based approaches probably the best way to understand the way that microbial communities are shaped (Brown et al., 2014) . Recent major sampling programs using next generation molecular tools, such as the worldwide Malaspina (Duarte, 2015) and Tara Oceans (Bork et al., 2015) expeditions and other global and local programs, reflect this realisation. Because of the important biogeochemical role of microbes, one explicit purpose of such programs is to quantify trait distributions in order to examine ecosystem function through a traitbased approach.
A trait based approach to ecosystem function
The function of an ecosystem depends on the environmental conditions, on the traits of the species making up the ecosystem, and the biomass of those species. Thus, trait distributions and their variation in time and space, whether obtained from mechanistic models or observational-based statistical descriptions, address the issue of ecosystem function much more directly than speciescentric descriptions of ecosystems. For example, the global distribution of diazotrophs as predicted by trait-based models and verified by observations (Monteiro et al., 2010; Ward et al., 2013) immediately describes an important ecosystem function and because the model is based on a mechanistic understanding it allows the assessment of the effects of global change (Dutkiewicz et al., 2014) . Trait-based models of phytoplankton communities may also yield direct estimates of, for example, global primary production (Prowe et al., 2012) and sized-based models of plankton communities estimates of trophic transfer efficiencies and vertical carbon fluxes (Ward and Follows, 2016) , all key ecosystem functions. As another example, a trait-based model exploring the contrasting foraging traits of fish and jelly fish (visual prey detection vs. direct interception) feeding on the same zooplankton resource, allows a direct assessment of the susceptibility of coastal marine ecosystems to be "taken over" by jellyfish as a consequence of eutrophication (less visibility) and fisheries (SchnedlerMeyer et al., 2016) (Figure 10 ). For fish, trait-based models are used to explore the community level effects of fishing (Andersen and Pedersen, 2010) , and determine system level maximum yields and ecosystem rents (Andersen et al., 2015b) . Finally, trait-based approaches have given new life to the long-standing discussion of the relation between species diversity and ecosystem function (e.g. production, biomass) (Cardinale et al., 2012; Gamfeldt et al., 2015) , because ecosystem function may relate to trait diversity rather than to species diversity (Cadotte et al., 2011; Duffy et al., 2016) and trait-based models have recently been used to explore the issue for phytoplankton communities (Goebel et al., 2014) .
Here, we would finally like to briefly discuss an example of how trait-based approaches may be used to examine an important ecosystem functions, viz. a quantification of the biological carbon pump, specifically the poorly known but likely very important role of zooplankton.
The biological carbon pump refers to the downward transport of particulate organic matter and, hence, to the sequestering of carbon. This downward transport is accomplished mainly by two processes: the formation of rapidly sinking aggregates by the coagulation of phytoplankton and other small particles (Burd and Jackson, 2009) , and the vertical transport due to zooplankton. The latter has three main components: (i) packaging of grazed phytoplankton into large rapidly sinking faecal pellets and mucus feeding webs (Turner, 2002; Stamieszkin et al., 2015) , (ii) diel vertical migration (DVM) and metabolizing part of the phytoplankton grazed in the surface layer at depth (Hays, 1995; Hansen and Visser, 2016) , and (iii) the accumulation of large lipid reserves during the productive season and metabolizing these reserves at (large) depths during winter (Jó nasdó ttir et al., 2015; Visser et al., 2016) . Each of these processes depends strongly on the size of the zooplankton: the larger the zooplankton, the more they eat and defecate and the larger and faster sinking are their faecal pellets and the less they will be remineralized in the surface layer (Stamieszkin et al., 2015) . Also the larger the zooplankton the deeper is their diel vertical migration (Hansen and Visser, 2016; Ohman and Romagnan, 2016) . And finally, it is only the larger zooplankton that can accumulate sufficient reserves that allow them to hibernate at depth (Maps et al., 2014; Visser et al., 2016) . Hibernation is also dependent on latitude, being much more pronounced in arctic regions than elsewhere (including Antarctica) (Dahms, 1995) . For given physical setting (phytoplankton food, temperature, seasonality), most of these processes can be estimated from trait distributions and/or predicted from optimality modelling. Thus, the spatio-temporal distribution and sizes of phytoplankton food can be estimated from existing trait-based phytoplankton models embedded in global circulation model (Follows et al., 2007) or from satellite-derived estimates of phytoplankton biomass and sizes (Boyce et al., 2015) . The biomass and size-distribution of zooplankton grazers can be obtained from trait-based models (cf. Figure 8 ) or from observations (cf. Figure 9 ), or a combination of the two and together with the food distribution yields estimates of grazing rates and production rate and sizes of faecal pellets. The basic trade-off in DVM is between good feeding opportunities and high mortality risk during day in the surface, vs. the opposite at depth, and the optimal vertical position and duration and timing of DVM is the one that maximizes the difference between the two and can be estimated from optimality modelling (Fiksen, 1997; Fiksen et al., 2005; Hansen and Visser, 2016) and also from observations Ohman and Romagnan, 2016) . The same applies to timing and duration of seasonal hibernation at depth characteristic of large copepods in the arctic (Sainmont et al., 2013; Baumgartner and Tarrant, 2017) . Thus, it is in principle possible to construct a predictive trait model implemented in a global circulation model that would allow mechanistic insights and understanding and make assessments of the magnitude of carbon sequestration due to zooplankton and asses effects of environmental change. Actual estimates would, however, be improved by supporting the model with observed trait distributions of some of the components. A first attempt to use this approach on a regional scale was presented by Stamieszkin et al. (2015) .
Conclusions
In the final passages of "On the Origin of Species", Darwin writes of the "tangled bank" and reflects on the complexity of nature and the apparently simple rules by which it emerges. Simple rules are also the cornerstone of the trait-based approach, and it holds the promise of providing a framework interlinking evolutionary rationale, the first principle of ecology, all the way to the structure and function of ecosystems. Any description or model of an ecosystem, however, must be designed to suit its purpose, and obviously there is not any one single approach that applies to all problems. Thus, trait-based approaches and models must be considered a supplement rather than an alternative to other approaches. The main advantages of the trait-based approach are its potential to capture the complexity of ecosystems in a simple way, its potential to more directly address the issue of ecosystem function, and its foundation on evolutionary principles. Foodweb structure emerges as a result of the trade-offs individuals are confronted by in a changing environment. This mimics the way nature works: interactions are at the level of individuals rather than between species, functional groups, trophic levels, or other categories, and the community that develops in any particular environment will consist of individuals with the most "fit" combinations of traits. The mechanistic trait-based approach can be considered an extension of evolutionary ecology. Evolutionary ecology is also rooted in traits and trade-offs, but it mainly uses these to explain speciation and for fitness optimization and to explore adaptive dynamics. The additional step in the trait-based approach is to scale up to trait-distributions that describe communities and trait biogeographies. In this way the trait-based approach thus merges evolutionary ecology and classic population and community ecology into its own, new branch of trait-based ecology.
Most of the trait-based models developed hitherto are competition models considering only the interactions between competing species at one trophic level-typically phytoplankton-and these models have proven their value mainly in their exploration of ocean biogeochemistry. However, marine communities are not only structured through competitive interactions but equally through predator-prey interactions and the evolutionary arms race between predators and defended prey. Trait-based trophic models, equivalent to classical NPZ models that consider several trophic levels and predator-prey interaction are much less Figure 10 . The predicted global distribution of the susceptibility to eutrophication and fishing of coastal ecosystems to jellyfish dominance, expressed as an index between 2100 to þ100. A simple trait-based "end-to-end" model is used to understand mechanisms, but a simpler model driven by observed rather than modelled phytoplankton distribution is used in the actual prediction. Reproduced from SchnedlerMeyer et al. (2016) (with permission).
frequent. This is likely owing to their greater complexity, the more vaguely defined key traits of higher trophic levels, and the hitherto limited quantification of trade-offs for groups other than phytoplankton. While the latter two issues are now being developed, current multi-trophic trait-based models are mainly size based (Banas, 2011; Ward et al., 2012 ) with a few exceptions (Pahlow et al., 2008b; Mariani et al., 2013; Kenitz et al., 2017) . High on our research agenda is to expand (judiciously) the trait space dimensions describing marine ecosystems, particularly those dimensions that are key to trophic interactions such as defence, motility, and feeding mode. Thus, as we develop further the main ingredients of the trait based approach, we increase its potential to describe the complex patterns of diversity seen in nature. Perhaps most importantly, we will able to make robust predictions as to the function of marine ecosystems, in particular the core ecosystem services of carbon sequestration and fisheries production provided by the global ocean.
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